Abstract-This paper presents a methodology based on genetic Algorithms (GA) to solve the problem of optimal participation in multiple electricity markets. With the emergence of new requirements for electrical power markets, it has become fundamental to develop tools to aid in decision making, understanding the functioning of markets and forecast iterations that occur between the different entities in the market. Artificial intelligence plays a crucial role in the development of these tools. Using artificial intelligence techniques, it is possible to simulate the different existing players in the market, to enable these players to be adaptive to any situation, and to model any type of trading. Artificial intelligence based metaheuristic optimization tools allow solving problems in a short time, and with very close results to those that deterministic techniques are able to achieve, at the cost of a high execution time. The achieved results, using a simulation scenario based on real data from the Iberian electricity market, show that the proposed method is able to reach better results than previous implementations of a Particle Swarm Optimization (PSO) and a Simulated Annealing (SA) methods, while achieving very similar objective function results to those of a deterministic approach, in a much faster execution time.
INTRODUCTION
With the introduction of renewable energy sources in the energy distribution system, the characteristics of this sector have changed completely [1] . The particularities of renewable based generation sources (e.g. intrinsic intermittence and distributed nature, especially in wind and solar generation) not only have an increasing influence on the way the management of the electricity network has to be conducted, but also on the way electricity is commercialized.
With these changes, Electricity Markets (EM) have become more complex and also more competitive. This requires new and effective methods for market operation [1] . In order to deal with the new reality, the concept of Smart Grid (SG) has emerged [2] . SG implementations are growing all around the world [2] , [3] considering the management of local generation and consumption independently from the main system, although connected with main grid through a connection bus. With these changes, market regulators and operators are concerned in foreseeing markets' behaviour in order to strengthen market models and operation. Market negotiating players need to understand market rules, with the aim of increasing their profits and reducing their costs [4] .
Despite the development in this area, the ability to learn and adapt to provide the best possible results for EM players is still not being properly addressed. In particular, the intelligent use of multiple EM opportunities as they arise is yet a relatively unexplored issue, and should be improved in order to provide players with the capability of optimizing their participation in several simultaneous EM, including the upcoming possibility of negotiating at a SG level.
This paper approaches the portfolio optimization problem for multiple EM participation. The considered model considers real-time adaptation to the most recent events and offers the possibility of buying and selling in the same period, in different EM. With this model, players are able to change their participation profiles at each time. Additionally, real data is used, making the optimization adaptive to the evolution of negotiation contexts throughout the time, by using enhanced market price forecasting methodologies [5] . An evolutionary methodology based on a Genetic Algorithm (GA) [6] , [7] is proposed to solve this optimization problem in an acceptable time frame without a significant reduction in the quality of results. The proposed GA approach is also compared with two previous implementation based on the Simulated Annealing (SA) heuristic [8] , and Particle Swarm Optimization (PSO) [9] , and proves to be able to achieve better objective function results in a similar execution time.
The proposed GA based approach for EM participation portfolio optimization is integrated in AiD-EM (Adaptive Decision Support for Electricity Markets Negotiations) [10] , a decision support system for EM market negotiations, which provides the means to test and validate negotiation outcomes in a realistic simulation environment, through the connection to the MASCEM (Multi-Agent Simulator of Competitive Electricity Markets) simulator [11] .
After this introductory section, section II presents an overview of the related work in the field, and section III presents the mathematical formulation of the addressed portfolio optimization problem. Section IV details the proposed GA based methodology. Results of a case study based on real data are presented in section V, and the results, including the comparison to previous results are presented in section VI. Finally, section VII presents the most relevant conclusions.
II. RELATED WORK
The optimization of electricity markets participation portfolio represents the allocation of resources (Electricity) in different market opportunities, in a way that the highest possible gain for a negotiating player can be achieved [8] . The traditional approach to the portfolio optimization problem, was initially developed for the activity on the stock exchanges, and only latter has been applied to other areas, such as the electricity markets.
The modern theory management of portfolios "Modern Portfolio Theory" was published in 1952 by Harry Markowitz in an article in Journal of Finance [12] and was subsequently developed in the book Portfolio Selection: Efficient Diversification of investments in 1959. With this publication, Harry Markowitz secured the award of the Nobel prize in economics sciences in 1990.
The proposed model considers the average of the returns obtained over time, which is obtained by the expected value (average) resulting from the available historical analysis. The expected return of each investment corresponds to the multiplication of the investment to be made by the expected amount. The risk assessment is given by the variance of the portfolio, which measures the variance of the expected return. Adding investments to projects does not only contribute to the expected return, but also interferes with the calculation of the total project risk.
Authors Bar-Lev and Katz [13] , were pioneers in the application of the theory of portfolios in power investments. The work entitled "The portfolio approach to Fossil Fuel Procurement in the Electric Utility Industry", analyzes the acquisition of fossil fuels by the US energy industry. With this study, the authors determined how to use energy resources efficiently.
In [14] the portfolio optimization problem is solved by artificial intelligence techniques, namely using GA. In this work, the author presents a portfolio optimization method using different risk measures and in the end makes a comparison between them. All the proposed risk measures derived from the model of the average variance proposed by Markowitz, as follows: a semi-variance model, the mean absolute derivation model and the variance asymmetry. At the end the author present the results through the efficient frontier for each model and for different combinations of assets. The author concludes that GA is a robust and effective method for solving the portfolio optimization problem.
In the work presented in [15] , it is demonstrated the applicability of the method mean-variance-skewness (MVS) for portfolios optimization of energy generation company, which is faced with several choices to allocate your energy produced. In this problem the author resorted to techniques of artificial intelligence to solve the problem, using the multiobjective genetic algorithm (MOGAS).
This problem is also extremely relevant when applied to energy markets, especially concerning the support of market negotiating players' decisions. Given the available market opportunities, players need to decide whether to and how participate in each market type, in order to obtain as much gain as possible from their negotiations. This paper thus proposes the optimization of the participation of players in multiple alternative/complementary electricity market types, according to the expected negotiation prices in each moment
III. MATEMATICAL FORMULATION
The formulation presented in (1) is used to represent the optimization problem, as proposed in [16] . In (1) 
The formulation considers the expected production of a market player for each period of each day. The price value of electricity in some markets depends on the power amount to trade. With the application of a clustering mechanism it is possible to apply a fuzzy approach to estimate the expected prices depending on the negotiated amount. Equation (2) defines this condition.
Equation (3) represents the main constraint to be applied in this type of problems, and imposes that the total power that can be sold in the set of all markets is never higher than the total expect production (TEP) of the player, plus the total of purchased power [16] . Further constrains depend on the nature of the problem itself, e.g. type of each market, negotiation amount, type of supported player (renewable based generation, cogeneration, etc.).
IV. PROPOSED GA APPROACH
In modern times, businesses are increasingly looking for tools to assist in the negotiation process. Due to the complexity of getting some answers to complex problems in due time, for decision-making, Artificial Intelligence (AI) approaches are used to assist in this process. Within the area of meta-heuristic optimization, Genetic Algorithms (GA) use concepts of evolutionary theory and genetics to search for optimal solutions [17] . The GA is an important tool for optimization solutions, as well as to deal with the demand that involves a large amount of data, especially due to its evolutionary characteristics, which allow performing a combination of answers in order to originate a strong solution.
The GA technique is based on the natural evolution of Darwin, where the most capable individuals survive. The GA's search method tries to find solutions based on probabilities, it does not reach an optimal solution, but looks for a well near solution. Besides the natural evolution, other concepts of biology are applied to the GA, such as the crossover, which is the exchange of information from one individual to another, and mutation where the individual suffers a change in its composition. Natural selection is also used. In Erro! A origem da referência não foi encontrada. it is shown the flow diagram of the GA algorithm [18] . The GA process begins with the formation of an initial population, which may be a random population (as is the case in this study). Then, as can be seen in this figure, the population objective functions are assessed, which is done dependently of the problem (in this problem the mathematical formulation presented in section III is used for fitness function evaluation). After the evaluation is made, the individuals are selected; these are the individuals who will be part of the next stage: the crossover process and also the mutation. The new generation of individuals is then found. Following the diagram, follows the stopping criterion, which in this case may be of various natures. If this criterion is satisfied, the algorithm returns the most suitable solution; if this does not happen, the algorithm goes back to the stage of population evaluation, in order to start a new cycle.
In summary, the purpose of the use of GA is to find the individual from the search space with the best "genetic material". The quality of an individual is measured with an evaluation function, called fitness. GA uses a population formed by a set of individuals. Each individual represents a solution or point in the search space. During the evolution, several points are examined by the individuals.
Once the initial population is randomly generated, three operations are used to generate offspring or children to form the following generation [7] , as detailed in the following points:
A. Selection
After evaluation, usually individuals (parents) who will lead to the next generation (children) are selected. The selection follows the concept of natural selection, where the fittest individuals with better playback capabilities. In GA individuals with a better assessment of value will be selected. However, individuals with lower fitness can participate in the selection process to generate children individuals, as well as in nature. The most common methods to make the selection of individuals are the methods of roulette, the tournament and the ranking. In this work, the selection by roulette is applied. The method of roulette [19] favors individuals with better skills, but those with lower fitness can also participate in the process, however with likeliness, thereby always maintaining a random component. The method is implemented in this work as follows:  The selected individual is the first one whose accumulated normalized value is greater than R.
B. Crossover
After selecting the parent individuals, some individuals will go through the crossover process. This is one of the main methods for the contribution of new individuals. Also called by crossing or recombination, this mechanism is responsible for making the exchange of information between individuals so that new individuals are generated from this recombination information. The exchange of information in this work will be performed in two forms, single-point cross and double-point.
Single-point crossover:
In this method, a random-cutting point is drawn. Through this cut individuals are divided into two parts. Recombination is made by attaching the first part of the individual with the second part of the second individual.
Two-point crossover:
Two points of cuts are randomly drawn. Thus the individual is divided into three parts. The intersection of individuals is made by combining the first and third part of the first individual with the second part of the first individual, and the second part of the second individual with the second part of the first individual, as depicted in Fig. 2 . If the drawn point is the starting point or the end, the draw must be done again. 
C. Mutation
After the crossover mutation process is conducted, where one or more individuals (who have been selected) are modified. Mutation can be described as a low probability random modification of a chromosome of an individual. The mutation is used to promote genetic diversity over generations. It is analogous to biological mutation observed during meiosis [20] or DNA replication [21] . Mutation may alter one or more genes values in a chromosome (Fig. 3) . Hence GA can reach better solutions by using mutation. Mutation occurs during evolution according to a user-definable mutation probability. This probability is normally set to a low value. If it is set too high, the search process will turn into a primitive random search. Nevertheless, this parameter is set by the user in the implemented approach. Another variance that is considered in the present implementation, is: instead of replacing the mutated gene with a random number, it is replaced by the corresponding gene of the individual with the best fitness. After a period of time (number of iterations, also user defined), the most suitable individuals will dominate the population, thus facilitating the achievement of an optimal (or near-optimal) solution.
V. CASE STUDY
This section presents the results of the proposed GA methodology for the resolution of the portfolio optimization problem for multiple complementary/alternative electricity markets participation. The results of the proposed approach are compared to those achieved by a deterministic implementation, which has been modeled using TOMLAB. This problem has been modeled as a mixed integer linear problem (MILP), and has been solved using the cplex solver. The results of the proposed approach are also compared to those achieved by previous implementations using SA [8] and PSO [9] .
In order to define a realistic scenario, five different market types have been considered, thereby enabling the supported market player to sell and buy in all of them. The considered markets are the day-ahead spot market, negotiations by means of bilateral contracts, the balancing (or intra-day) market, and a local market, at the Smart-Grid (SG) level. The balancing market is divided into different sessions. In the day-ahead spot market the player (acting as seller) is only allowed to sell electricity, while in the other market types the player can either buy or sell depending on the expected prices. Limits have also been imposed on the possible amount of negotiation in each market. In this case it is only possible to buy up to 10MW in each market in each period of negotiation, which makes a total of 40 MW purchased. It is possible to sell power on any market, and it can be transacted as a whole or in installments. The player has 10 MW of own production for sale.
In this problem it has also been imposed that in each session of the balancing market, the player can only either sell or buy in each period. In bilateral contracts and in SG negotiation, it is possible to both sell and purchase in the same period (by negotiating with different players).
Since the optimization requires real market data, so that it can be used to support players' decisions in a realistic environment, it is necessary that the electricity prices are provided. The real electricity market prices data, concerning the day-ahead spot market, the intraday market, and bilateral contracts have been extracted from website of the Iberian electricity market operator -MIBEL [22] . The data regarding the considered local market at the SG level refers to previous studies of the authors in this domain [23] . Real data is thereby used by forecasting and estimation methods [24] . In markets where the price of electricity is unique for all participants, regardless of the negotiation amount, an Artificial Neural Network (ANN) is used [25] , which is trained with the real historic market prices from MIBEL [R] . In markets where the electricity price is influenced by the negotiated amount (e.g. negotiation by means of bilateral contracts), a prices estimation methodology using fuzzy logic is used [26] .
Three versions of the GA based methodology for portfolio optimization have been implemented. The main differences between the three versions are:
 GA 1: uses single-point as crossover approach;  GA 2: uses the two-point crossover method;  GA 3: performs mutation according to the maximum fitness.
VI. RESULTS Fig. 4 presents the box plot diagram of the extreme quartiles that represent the results achieved by the three implemented GA versions, after 1000 runs. This type of statistical representation provides an indication of how the data are concentrated. In Fig.  4 the value of the minimum is not shown in order to not hinder comprehension of the higher values. The distribution of results in these graphs is made as follows: the range from the minimum value to the value of the 1 st quartile represents 25% of the data. Similarly, from the value of the 3 rd quartile to the maximum value are also represented another 25% of the data. Amidst the values of the 1 st quartile and 3 rd quartile are represented 50% of the data. From the analysis of the graph it is not easy to draw conclusions about which of the variants presents the best results, as they all present very similar values.
In order to facilitate taking some conclusions on the comparison of performance between the three considered variants, the confidence intervals with a 95% probability, for each variant, are presented in Figure 5 . Through the analysis of the confidence intervals, presented in Figure 5 , it is possible to see that the GA 2 method has a higher upper and lower limit, as well as a best mean value. Each confidence interval has an associated error; in this case, the GA 2 method has a 4.777 % error. This means that each simulation made with this embodiment has more than 95% probability of resulting in an objective function value between the upper and lower limits to the determined error. Therefore, the GA 2 approach is chosen as the best GA approach. Table I shows the scheduling of sales and purchases made in the different markets, as resulting from the best objective function result achieved by the GA 2 variant. Fig. 6 shows the price variation by trading volume in period 1. As can be seen, some markets (spot and balancing) present a unique market price for this hour, while bilateral and SG present prices that are variable with the negotiated amount. The expected result is that the optimization allocates the sales to markets and amounts where the price is higher and purchases when the price is lower. Figure 6 . Price variation in the considered markets for the first period of the day, depending on the negotiated amount of power By matching Table I and Fig. 6 it is possible to explain the functioning the operation of this methodology. As expected, the model presents a solution with the purchased energy in the cheapest markets and sales in the most profitable. As the total energy that can be bought in each market is 10 MW, the maximum amount is bought in the balancing sessions (lower prices), and also a purchase of 4.755 MW in bilateral contracts. The sale is set to the SG in 8.469 MW, 11.504 MW in bilateral contracts and 14.781 MW in the spot market. How it is possible to observe by Table II , the results achieved by all three proposed GA based methodologies feature significant advantages when compared to the other approaches. The minimum results achieved by the three alternative GA methods are much higher than the results of the PSO metaheuristic technique. The GA algorithms are also the ones that are able to achieve the best mean values from all algorithms. The maximum achieved value, is however, just a little below the result achieved by the PSO and by the deterministic approach. Nevertheless, the values achieved by GA are very close to these objective function results. Consequently, the Standard Deviation (STD) assumes very low values when compared to the PSO approach. Therefore, the proposed GA based methods are a more reliable alternative than the PSO, and able to achieve better results than the SA based approach.
In what concerns the execution time, as it can be seen by Table III , GA needs more time to reach a solution than the other two metaheuristic algorithms, but it is still incomparably faster than the deterministic approach. In fact, the execution time of the deterministic approach is higher than acceptable, as it refers to several hours of simulation, which cannot be usable for decision support of players' negotiations, when negotiations occur in much smaller time constraints. The proposed GA approach takes only nearly 5 seconds to reach a near-optimal solution (for each period of negotiation), which is highly acceptable for the case in matter.
VII. CONCLUSIONS
The resolution of the portfolio optimization problem in a multiple electricity markets environment is essential for electricity market negotiation players, so that they can be able to take as much benefit from market negotiations as possible. Addressing this problem is particularly relevant considering the constant rate at which market rules and mechanisms are changing, especially with the large penetration of distributed generation.
This paper has proposed a GA based approach to solve this optimization problem in an acceptable time frame without a significant reduction in the quality of results. The proposed GA approach has been compared with previous implementations based on PSO and SA, and it has shown to be more reliable than the previous methods, and guarantee a higher mean objective function value. The maximum achieved value is very close to the deterministic method results. Despite the AG take longer than the PSO and SA, this is nevertheless invalid because each period is one hour and the AG runtime never overcomes. The execution time required to achieve such results are still much below the execution time of the deterministic approach, and thereby the proposed method proves to be adequate for its decision support purposes.
As future work, the creation of the initial population will be explored, namely by implementing an heuristic method to return an initial solution based on trading rules of the markets, in order to try and enhance even further the results and execution time of the proposed method.
